Biological collagenous tissues comprised of networks of collagen fibers are suitable for a 26 broad spectrum of medical applications owing to their attractive mechanical properties. In this 27 study, we developed a noninvasive approach to estimate collagenous tissue elastic properties 28 directly from microscopy images using Machine Learning (ML) techniques. Glutaraldehyde-29 treated bovine pericardium (GLBP) tissue, widely used in the fabrication of bioprosthetic heart 30 valves and vascular patches, was chosen as a representative collagenous tissue. A Deep Learning 31 model was designed and trained to process second harmonic generation (SHG) images of collagen 32 networks in GLBP tissue samples, and directly predict the tissue elastic mechanical properties. 33 The trained model is capable of identifying the overall tissue stiffness with a classification 34 accuracy of 84%, and predicting the nonlinear anisotropic stress-strain curves with average 35 regression errors of 0.021 and 0.031. Thus, this study demonstrates the feasibility and great 36 potential of using the Deep Learning approach for fast and noninvasive assessment of collagenous 37 tissue elastic properties from microstructural images.
INTRODUCTION
Biological collagenous tissues are comprised of networks of collagen fibers embedded in 42 a ground substance [1, 2] , which provide pliability and strength important for many normal 81 82 The GLBP tissue samples used in this study were collected and mechanically tested 83 through previous work by our group aimed at evaluating transcatheter heart valve biomaterials 84 [24]. The tissue preparation and mechanical testing protocols are well documented in the published 85 works [25] [26] [27] . Briefly, testing samples were cut into a 20×20 mm 2 square, and four graphite 86 markers delimiting a square approximately 2×2 mm 2 in size were glued to the central region of 87 each sample for optical strain measurements. Samples were then mounted in a trampoline fashion 88 to a planar biaxial tester in aqueous 0.9% NaCl solution at 37 °C. A stress-controlled test protocol 89 [25] was utilized to obtain the biaxial stress-strain response curves of each testing sample. In this 90 study, 48 GLBP tissue samples were tested in total. 91 2.2 Tissue imaging 92 Upon completion of biaxial mechanical testing, the tissue samples were imaged using the 93 SHG technique at the unloaded state. We utilized a Zeiss 710 NLO inverted confocal microscope 94 (Carl Zeiss Microscopy, LLC, Thornwood, NY, USA), equipped with a mode-locked Ti:Sapphire 95 Chameleon Ultra laser (Coherent Inc., Santa Clara, CA), a non-descanned detector (NDD), and a 96 Plan-Apochromat 40x oil immersion objective. The laser was set to 800 nm and emission was 97 filtered from 380-430 nm. Samples were kept hydrated with saline solution during imaging to 98 prevent drying artifacts and covered with #1.5 coverslips. Samples were imaged inside the area 99 delimited by the graphite markers, and 2D image slices were collected in the thickness direction 100 from the smooth side of each sample. A 2D slice has 512×512 pixels to 1024×1024 pixels, and for 101 each sample the number of slices was varied to cover the thickness. In total, we obtained 3D SHG 110 Two distinct stress-strain curves were obtained from the equi-biaxial mechanical testing 111 (section 2.1) of each tissue sample (Figure 3a&b ), due to the anisotropic mechanical behavior of 112 the tissue : 1) strain E11 and stress S11 along the X1-direction, and 2) strain E22 and stress S22 along 113 the X2-direction. Each stress-strain curve was uniformly sampled along the stress axis within the 114 range of 10 to 630 KPa. The cutoff of 630KPa was chosen because different ranges of external 115 stresses were applied to the tissue samples and 630KPa was the minimum peak stress value. For 116 each tissue sample, the resampled strain values from the two curves were assembled as a vector of 117 126 numbers, ܻ. By using principle component analysis (PCA) [28, 29] , the vector ܻ of a tissue 118 sample can be decomposed as as shown in Figure 3b . Furthermore, the reconstruction error was measured by the mean absolute 125 error (MAE), given by
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where j is the index of a component in a vector; and if ‫ܮ‬ ଵ = 1, ‫ܮ‬ ଶ = 63, MAE is the error of the and a max pooling layer; and the output from the 2 nd block is a feature map of 32×32×64 pixels.
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The 3 rd to the 5 th blocks are very similar to the 2 nd block, which output feature maps of 16×16×64, 164 7×7×64, and 1×1×64 pixels respectively. All of the max-pooling layers use a 2×2 pooling window. 
Unsupervised Deep Learning from the 2 nd to 5 th blocks 178
To determine the filter parameters of a convolution layer, generally we could use encoder-179 decoder based unsupervised learning strategies [33-36]. The input feature map to the convolution 180 layer can be divided into small patches, where each patch has the same size as a filter (all filters in 181 the same layer have the same size). Each patch can be converted to a vector, ܺ, and the vectorized 182 patches can be stacked together as the columns of a data matrix . The filters of the convolution 183 layer can also be vectorized and stacked together as the columns of a filter matrix . Let ℎ(‫)ݔ‬ 184 denote the ReLu function: ℎ(‫)ݔ‬ = ‫ݔ‬ if ‫ݔ‬ 0, and ℎ(‫)ݔ‬ = 0 if ‫ݔ‬ ≤ 0. The encoder performs 185 convolution followed by ReLu to each patch, which outputs the code matrix ℎ() close to the 186 optimal (unknown yet) code matrix . Given the optimal code matrix , the decoder tries to 187 recover the input patches by using a linear combination of the atoms/columns in a 188 dictionary/matrix , i.e, using to approximate . Then the goal is to find the optimal variables 189 {, , } such that the encoding error and the decoding error are both minimized, which is to 190 minimize the following objective function: for different patches. The percentage error of approximation for the patches is given by
205
If ‫ܯ‬ = ‫ܯ‬ ෩ , then the error is zero. By controlling the number of retrained singular values and 206 singular vectors, i.e., ‫,ܯ‬ the approximation error and the computation cost (proportional to M) can 207 be controlled. In this study, ‫ܯ‬ is fixed to 32, and the error is less than 30%. The low rank 208 approximation essentially obtains and that minimize ‖ − ‖ ଶ under the low rank 209 constraint. Since the singular vectors in are orthogonal to each other, the code vector ܼ can be 210 simply approximated by ᇱ ܺ, i.e., ܼ ≅ ᇱ ܺ, which is obtained by multiplying ᇱ to both sides of 211 Eq.(4). After this step, the code matrix and dictionary are determined.
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Step-2: Define the filter matrix by using the learned dictionary , given by
Also, we define a new code vector ܼ ෨ as
Then the objective function Eq.
(3) is equivalent to The 6 th block can be configured either as a classifier or regressor. In the classification 238 configuration, a softmax function is used to predict class membership based on the feature vector 239 from the 5 th block. Since it is a binary (soft vs. stiff) classification task, the softmax function 240 reduces to a logistic function, given by
where ‫ݓ{‬ ଵ , … , ‫ݓ‬ ସ , ܾ} are the unknown scalar parameters and ሾ‫ݔ‬ ଵ , … , ‫ݔ‬ ସ ሿ is the feature vector 243 from the 5 th block. Usually, a discrimination threshold (e.g. 0.5) is specified for the binary 244 classification. If ‫ݕ‬ is greater than or equal to the threshold, then the input is classified as stiff; and 245 if ‫ݕ‬ is smaller than the threshold, then it is classified as soft. With the labeled training data (i.e., ReLu and normalization layers were removed, and the filter matrix was simplified as = .
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The structure of CNN-s2 is similar to that in [34] . From the cross validation, the errors (Eq.(2)) in the predicted stress-strain curves were 325 0.021±0.015 and 0.031±0.029, compared to the actual S11~E11 and S22~E22 curves, respectively.
326 Figure 8a shows an exemplary set of experimentally measured and predicted curves for one 327 sample, and the error distribution across all of the samples is given in Figure 8b . The full set of 328 predicted curves for all 48 samples are provided in the appendix. The CNN architecture used in this study, was specifically designed for this application.
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The 1 st to 5 th block of the CNN serve as automatic feature extractors that convert the input image and disruption of the encoding mechanism due to the fewer layers, respectively.
369
The CNN also demonstrated superiority over a simple image-feature based method to 370 estimate the overall stiffness of collagen-based materials. Raub et al. [41] showed that the 371 skewness of an image histogram was correlated to the collagen concentration and the Young's 372 modulus of collagen gels. Therefore, a softmax classifier was built by using the skewness as the 373 only input feature in this study. As demonstrated in the results (Figure 7) , the CNN outperformed 374 the softmax classifier by a large margin; and even the two simplified versions of the CNN 375 performed better than the softmax classifier, which underscores the superiority of CNNs for 376 automatically extracting fiber network features.
377
More importantly, we demonstrated that the CNN can predict the PCA parameters of the 378 stress-strain curves, such that the entire anisotropic stress-strain response of GLBP tissues can be 379 estimated. For a nonlinear elastic response, it is well known that the Young's modulus or stiffness 380 cannot fully describe the tissue mechanical behavior, since the tangential value changes at different 381 stress/strain levels along the nonlinear stress-strain curve. Thus, the PCA parameters offer a much 382 more comprehensive look at the tissue elastic properties. Interestingly, we found that for this 383 application, the overall "shape" of a stress-strain curve can be described with a single parameter, 384 ߙ ଵ in Eq.(1). The novel PCA based approach to represent stress-strain curves developed in this 385 study may facilitate more thorough analysis and comparison of tissue stress-strain responses over 386 basic stiffness metrics.
387
This approach opens the door for the fast and noninvasive assessment of collagenous tissue 388 elastic properties from microstructural images, enabling many potential applications such as 389 serving as a quality control tool for the manufacturing of BHVs. 
